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Correlations Between Wald Chi-Squared Values and
Standardized Beta-Coefficients in Regression
Analysis and Feature Importance Calculated

Using Machine Learning

Kei Nakajima® b ¢

Abstract

Background: Standardized p-coefficients (stBs) are traditional
indices that enable the estimation of covariates that more strongly
influence outcomes. However, in studies possessing many categori-
cal covariates, stBs are often difficult to calculate. In contrast, Wald
Chi-squared (WCS) values, calculated in logistic regression analysis,
represent the magnitude of a covariate’s statistical significance. To
date, many machine-learning algorithms have been used to evalu-
ate the feature importance (FI), which is used to predict the order of
precedence of covariates’ contributions to outcomes. Therefore, the
relationships between WCS values and both stBs and FI were investi-
gated using several existing clinical databases.

Methods: We investigated the correlations between WCS values and
both stBs in logistic regression analysis and FI calculated using ma-
chine learning and the data from 615,077 and 90,053 middle-aged
people in our previous studies (including one study that used a gen-
eralized linear model) and two studies using open data obtained from
86,151 medical students and 100,000 children. The covariates were
standardized, and StBs were obtained using logistic regression analy-
sis.

Results: Overall, WCS values were more highly correlated with FI
(Spearman correlation, p = 0.79 - 0.94) than with stBs (p = 0.73 -
0.85) and were very highly correlated with stBs (p = 0.83 - 0.99) in
five studies.

Conclusions: These results suggest that WCS values likely represent
covariates’ statistical significances and the magnitudes of covariates’
influences on outcomes, which is consistent with the very high corre-
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lation between WCSs and stBs. However, because these results were
obtained using limited data, they must be verified through further
study.
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Introduction

In logistic regression analysis, generalized linear models
(GLMs), and Cox hazard regression analysis, common ratio
indices, such as odds ratios, relative risks, and hazard ratios,
are provided for explanatory variables. However, these indices
represent neither the degrees to which explanatory variables
contribute to outcomes nor the order of precedence of the mag-
nitudes of explanatory variables’ contributions to outcomes in
models. Instead, odds or risk ratios exclusively represent the
effects of explanatory variables on outcomes relative to each
reference or the effects of an increase of one unit of continuous
variables on outcomes, respectively [1, 2].

In clinical studies, although the investigation of such ra-
tios is important for specific explanatory variables, knowledge
of the order of precedence among the variables and their con-
tributions to the overall outcome is also crucial because the
outcomes of common chronic diseases are explained by differ-
ent degrees of many factors.

To date, however, many investigators often focus on a
specific factor even though data are available for other out-
come-related factors, usually considered as covariates, mostly
confounding factors in multivariable regression models. In this
context, it may be important to know whether the factor of
interest contributes to outcomes more strongly than the other
factors, for example, age, sex, and body mass index (BMI),
common comorbidities, such as hypertension, diabetes, and
dyslipidemia, instead of just confirming the odds or risk ratios
of the factor of interest in clinical studies.

Although unstandardized B-coefficients are calculat-
ed based on the natural logarithms of odds and risk ratios,
B-coefficients mostly depend on the scale at which variables
are measured [3-5]. Therefore, B-coefficients are not used to
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directly compare the influences of covariates on outcomes.

Traditionally, standardized B-coefficients (stBs), unitless
indices, have been used to compare the degrees of covariates’
contributions to outcomes. In other words, high absolute val-
ues of stBs, but not unstandardized B-coefficients, represent a
large influence on the outcome (dependent variable). However,
stBs are often difficult to calculate in analysis models possess-
ing many covariates, particularly unordered categories [6, 7].

Meanwhile, for evaluating explanatory variables, many
machine-learning algorithms, such as XGboost and random
forest, provide the feature importance (FI) in the results [8-10].
Among many potential factors, FI enables the selection of the
factors contributing more strongly to explaining outcomes [11,
12]. Although stBs and FI seem to contribute similarly to out-
comes, to the best of our knowledge, the relationship between
them has not been investigated yet using clinical data.

In contrast, although Wald Chi-squared (WCS) values,
traditional indices calculated in logistic regression analysis,
represent the magnitudes of covariates’ statistical significances
[13, 14], to the best of our knowledge, WCS values’ usefulness
has not been fully elucidated, and the relationships between
WCS values and both stBs and FI have not been investigated
yet.

Therefore, we investigated the correlations between WCS
values and both stBs in logistic regression analysis and FI cal-
culated using machine learning and the data from our two pre-
vious studies and two open databases.

Materials and Methods

Design

In three studies, we investigated the linear and rank correla-
tions between WCS values and both stBs in logistic regres-
sion analysis and FI calculated using machine learning and the
data from our two previous studies using a national database
[15, 16] comprising data on 615,077 (including one study that
used a GLM) [17] and 90,053 middle-aged people (from 40
to 70 years old) [18] who had undergone a health checkup.
Since 2008, all Japanese people aged 40 - 74 years have been
required to undergo a yearly itemized health checkup managed
by Japan’s Ministry of Health, Labour, and Welfare (MHLW)
[19]. After the MHLW rigorously reviewed our research pro-
ject, our protocol for the national database (NDB) study was
accepted in December 2020. We received digitally recorded
anonymized data from the MHLW in July 2022. The study was
conducted according to the guidelines of the Declaration of
Helsinki and was approved by the Institutional Review Board
of the Ethics Committee of Japan Women’s University (No.
513) and the MHLW of Japan (No. 1320). Informed consent
was not required because anonymized data were obtained from
the MHLW of Japan, as a part of its nationwide program in-
volving the provision of medical data to third parties. The study
protocol is available online [20]. This study included data on
individuals living in the seven Kanto prefectures, who had un-
dergone specific health checkups and were neither hospital-
ized nor nursing home residents at the time of the checkup. To

protect individual privacy and identities, as instructed by the
MHLW, the individuals’ ages were categorized as 40 - 44, 45 -
49,50 - 54, 55 - 59, and 60 - 64 years.

Two other studies were conducted using open data on
86,151 medical students [21] and 100,000 children [22], which
are freely downloadable online.

Statistical indices

In logistic regression analysis and GLMs, WCS values are cal-
culated using the following equation:

s g

WCS value = =
(standard error)” o°/n

M

where o is the standard deviation, and the B-coefficient is the
natural logarithm of the odds or risk ratio.

In linear regression analysis, stBs are calculated using fol-
lowing equation:

X

stB= x% @)

where oX and 6" are the standard deviations of the covariate
and dependent variable (outcome), respectively.

Theoretically, stBs express the average change in the
standard deviations of an outcome variable associated with a
one-standard-deviation change in a predictor variable [3, 5].

In this study, WCS values were obtained for the logistic
regression analysis and GLM, while stBs were obtained for
standardized covariates, instead of using Equation (2), is ap-
plicable to linear regression analysis but not logit analysis. We
evaluated the FI for predictions using commercially available
machine-learning software.

Studies for data analysis

We reanalyzed the existing data from our previous studies and
open data.

Study 1 investigated the clinical contributors to a 10% in-
crease in bodyweight over 10 years (outcome) in middle-aged
individuals (aged 40 - 64 years) possessing a normal bodyweight
(body mass index (BMI) = 21.0 - 24.9 kg/m?) at the baseline (n=
615,077, area under the curve (AUC) 68.5%), as analyzed using
a logistic regression model possessing 14 explanatory factors,
including age; sex; BMI; systolic blood pressure; serum triglyc-
eride (TG), high-density lipoprotein cholesterol (HDL-C), and
glycated hemoglobin (HbAlc) levels; self-reported pharmaco-
therapy (for hypertension, diabetes, and dyslipidemia); engage-
ment in regular exercise; smoking status; frequency of alcohol
drinking; and history of cardiovascular disease. The details are
described elsewhere in the literature [17].

Study 2 investigated the clinical contributors to a decrease
of 10 mg/dL or more in HDL-C over 10 years (outcome) in
middle-aged women (40 - 64 years), as analyzed using a lo-
gistic regression model (n = 90,053, AUC 68.4%) possessing
10 explanatory factors, including age; BMI; serum TG, HDL-
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Figure 1. Scatter plot of the natural logarithm of the WCS values and
FI for the outcome of a 10% increase in bodyweight over 10 years.
The WCS values of the age, smoking status, sex, TG and HbA1c lev-
els, BMI, pharmacotherapy for hypertension, systolic blood pressure,
weekly alcohol consumption, pharmacotherapy for dyslipidemia, habit-
ual exercise status, history of cardiovascular disease, pharmacother-
apy for diabetes, and HDL-C level are 5,903, 3,170, 2,414, 800, 701,
293, 221, 83, 71, 50, 22, 8, 2, and 2, respectively. The solid and dotted
lines represent the regression line and 95% ClI, respectively.

C, and low-density lipoprotein cholesterol (LDL-C) levels;
self-reported pharmacotherapy for dyslipidemia; smoking
status; frequency and amount of alcohol drinking; and serum
y-glutamyl transferase (GGT) level. The details are described
elsewhere in the literature [18].

Study 3 investigated the clinical contributors to a certain
percentage (%) increase in bodyweight from the baseline as a
continuous variable (outcome), as analyzed using a GLM and
the same data as those used in study 1.

Study 4 investigated the clinical contributors to high sys-
tolic blood pressure (outcome) in the 86,151 medical students
aged 18 - 34 years, as analyzed using open data [21] and seven
explanatory factors, including age, sex, heart rate, serum cho-
lesterol level, and smoking, diabetes, and obesity (BMI > 30
kg/m?) statuses. In this study, high systolic blood pressure was
redefined as > 135 mm Hg.

Study 5 investigated the clinical contributors to perma-
nent neonatal diabetes mellitus (outcome), as analyzed using
100,000 pediatric open data [22] and seven explanatory fac-
tors, including age, genetic information, family history, birth-
weight, developmental delay, and HbAlc and insulin levels.

Statistical analysis

To estimate the average age, we transformed the age groups
(40 -44,45-49,50-54,55-59, 60 - 64, and 65 - 70 years) to
substituted ages (s-ages), corresponding to the median age for
each group (i.e., 42,47, 52, 57, 62, and 68 years, respectively).
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Figure 2. Scatter plot of the natural logarithm of the WCS values and
FI for the outcome of a decrease of 10 mg/dL or more in the HDL-C
level over 10 years. The WCS values of the HDL-C and LDL-C levels,
BMI, pharmacotherapy for dyslipidemia, TG level, age, smoking status,
amount of alcohol consumed per session, GGT level, and weekly al-
cohol consumption are 2,282, 193, 134, 38, 19, 13, 28, 13, 10, and 1,
respectively. The solid and dotted lines represent the regression line
and 95% ClI, respectively.

In all the studies except for study 3, binary logistic regres-
sion analysis was conducted by considering explanatory vari-
ables as confounding factors, yielding odds ratios and WCS
values for each covariate. In this study, to obtain the stBs, all
the related covariates were standardized, and logistic regres-
sion analysis was conducted. In addition, negative stBs were
replaced with the corresponding absolute values before as-
sessing the correlations because both WCS values and FI are
positive (> 0). Pearson and Spearman correlations were used to
assess the linear and rank correlations, respectively. All the sta-
tistics were analyzed using the SAS system, version 9.4 (SAS
Institute, Cary, NC, USA). A two-tailed test for which P < 0.05
was considered as significant.

In five studies, we used an artificial intelligence analysis
system (Prediction One®, Sony Network Communications,
Inc., Tokyo, Japan) [23] with gradient-boosted decision tree
and neural network algorithms to calculate FI. Prediction
One utilizes Neural Network Libraries, a deep-learning open-
source software package developed by Sony [24]. To improve
the general applicability and prevent overfitting of the model,
five and two classified groups were cross-validated in studies
1-3 and 4 and 5, respectively [24-26].

Results

Figures 1-3 show the scatter plots of the natural-logarithm-
transformed WCS values and FI in three studies. Overall,
although the covariates’ WCS values were highly correlated
with FI, some lower-value factors were replaced in the order
of precedence. Figure 1 shows that age, smoking status, sex,
serum TG level, and BMI, in descending order, are the fac-
tors that most strongly influence a 10% increase in bodyweight

Articles © The authors | Journal compilation © Al Clin Med and Elmer Press Inc™ | = https://aicm.elmerpub.com 3



Regression Beta vs. ML Feature Importance

Al Clin Med. 2025;1:e10

10 B
,"’ Age
HbAlc.”” Smoking

8 0 O
N 7’
3 -GS B
E Med- SBP -
Z hypertension -0 T
5 6 ) -7 L
2. Med-
) Med-(?. .--pdiabetes “ A 10051 frequency
= _bypeftension 7
O 4
=2 _.~OHDL-C
= .
N
) g
,4 , O ‘

o Habitual exercise
041 .~ OHistory-CVD
-1 £ ' T ,

6 7 8
Log (Feature importance x 100)

Figure 3. Scatter plot of the natural logarithm of the WCS values and
FI for the outcome of a percentage (%) change in bodyweight over 10
years, as analyzed using a GLM. The WCS values of the age, smok-
ing status, HbA1c level, BMI, TG level, systolic blood pressure, sex,
pharmacotherapy for hypertension, weekly alcohol consumption, phar-
macotherapies for diabetes and dyslipidemia, HDL-C level, habitual ex-
ercise status, and history of cardiovascular disease are 12,979, 2,996,
2,835, 1,676, 1,310, 578, 505, 360, 177, 161, 126, 26, 3, and 1, respec-
tively. The solid and dotted lines represent the regression line and 95%
Cl, respectively.

over 10 years, as analyzed based on FI.

Figure 2 shows that the baseline serum HDL-C and LDL-
C levels, BMI, dyslipidemia medication (MED), and serum
TG level, in descending order, are the factors that most strong-
ly influence a decrease of 10 mg/dL or more in the HDL-C
level over 10 years.

Figure 3 shows that age, smoking status, BMI, HbA 1c and

Table 1. Correlation of FI With WCS and stB

TG (these have almost the same magnitude) levels, and sex, in
descending order, are the factors that most strongly influence
the percentage (%) change in bodyweight over 10 years, as
analyzed using a GLM.

Table 1 shows the correlations between the WCS values
and FI. In the larger-scale study (study 1), WCS values were
more highly correlated with FI (Spearman correlation, p=0.84,
P =0.0002) than stBs (p = 0.80, P = 0.0006). However, WCS
values were very highly correlated with the absolute values of
stBs (Pearson correlation, r = 0.96, P <0.0001 and p=0.93, P
<0.0001). As in study 2, WCS values were more highly corre-
lated with FI (p=10.94, P <0.0001) than the absolute values of
stBs (p=10.73, P=0.016). WCS values were highly correlated
with the absolute values of stBs (r =0.99, P < 0.0001 and p =
0.83, P =0.003). In study 3, a GLM was used to calculate the
WCS values and stBs for the bodyweight percentage (%) as a
continuous variable. The WCS values and absolute values of
stBs were similarly highly correlated with FI (p = 0.87, P <
0.0001 and p = 0.85, P =0.0001). However, the WCS values
were very highly correlated with the absolute values of stBs (r
=0.95, P <0.0001 and p = 0.99, P < 0.0001). For these three
studies, the WCS values, stBs, and FI are shown in Supple-
mentary Material 1 (aicm.elmerpub.com).

Table 2 shows the stBs, absolute values of stBs, WCS val-
ues, and FI in studies 4 and 5. In study 4, according to the
WCS values, the heart rate, cholesterol level, sex, obesity and
smoking statuses, age, and diabetes status, in descending or-
der, were the explanatory factors that most strongly influenced
high systolic blood pressure. According to the stBs and WCS
values, the factors’ orders of precedence were substantially dif-
ferent from that of the factors according to FI. Although the
AUCs were low in both logistic regression analysis (51.6%)
and machine learning (54.2%), the WCS values were signifi-
cantly correlated with FI (p = 0.79, P = 0.036). The absolute
values of stBs were correlated to the same degree with FI (p
=0.79, P =0.036), indicating that the orders of precedence of
the contributions were identical for the WCS values and the
absolute values of stBs. Consistently, the WCS values were
very highly correlated with the absolute values of stBs (r =

FI

Study 1 (n = 615,077 (R)*)

Study 2 (n = 10,189 (R)*) Study 3 (n = 615,077 (R)")

Outcome 10% body weight increase
(dichotomized variable)
Number of explanatory factors 14
AUC, % 68.5%
WCS
Correlation coefficients® 0.84
P values 0.0002
stB
Correlation coefficients® 0.80
P values 0.0006

Decrease of HDL-C > 10 mg/dL
(dichotomized variable)

Body weight increase
(%) (continuous variable)

10 14
68.4% -

0.94 0.87
<0.0001 <0.0001
0.73 0.85
0.016 0.0001

aMultivariable logistic regression model. P Generalized linear model. ¢Correlation coefficients by Spearman correlation. AUC: area under the curve; Fl:
feature importance; HDL-C: high-density lipoprotein cholesterol; stB: standardized B-coefficient; WCS: Wald Chi-squared.
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Table 2. Results of Logistic Regression Analysis After Standardization of Covariates and FI by Machine Learning

stB Absolute stB  WCS value FI
Study 4: Medical students (Outcome: high systolic blood pressure > 130 mm Hg)
Heart rate 0.0316 0.0316 7.7561 0.0102
Cholesterol -0.0253 0.0253 4.994 0.0113
Sex (men 1, women 2) 0.0218 0.0218 3.7034 0.0090
Obesity (obesity 1, non-obesity 0)? -0.0211 0.0211 3.3696 0.0101
Smoking (smoker 1, non-smoker 0) 0.0197 0.0197 3.1051 0.0057
Age -0.0093 0.0093 0.6682 0.0095
Diabetes (diabetes 1, non-diabetes 0) -0.0023 0.0023 0.0400 0.0055
AUC, % 51.6 54.2
Study S5: Permanent neonatal diabetes mellitus (Outcome: permanent neonatal diabetes mellitus)
Age -1.7678 1.7678 4269.6724 0.1280
Birth weight -0.6818 0.6818 1674.7298 0.0721
Family history (yes 1, no 0) 0.0262 0.0262 2.8333 0.0082
HbAlc 0.0191 0.0191 1.4634 0.0067
Insulin level 0.0105 0.0105 0.4450 0.0086
Development delay (yes 1, no 0) 0.0070 0.0070 0.1971 0.0056
AUC, % 87.5 70.2

The factors are listed in descending order according the value of WCS. 20besity; BMI = 30 kg/mZ2, non-obesity; BMI < 30 kg/m2. AUC: area under
the curve; FI: feature importance; HbA1c: glycated hemoglobin; stB: standardized B-coefficient; WCS: Wald Chi-squared. Genetic information was

excluded due to large standardized B in the study 5.

0.96, P =0.0005 and p = 1.00, P < 0.0001), indicating that the
covariates’ orders of precedence were identical according to
both WCS values and stBs.

In study 5, because of its high stBs, genetic information
was excluded from the model, leaving only six factors. Ac-
cording to the WCS values, stBs; age; birthweight; family
history; HbAlc and insulin levels; and developmental delay,
in descending order, were the explanatory factors that most
strongly influenced high systolic blood pressure. According to
the stBs and WCS values, the factors’ orders of precedence
were slightly different from that of the factors according to
FI. In both logistic regression analysis (87.5%) and machine
learning (70.2%), the AUCs were relatively high. WCS val-
ues were significantly correlated with FI (r =0.99, P =0.0001
and Spearman correlation, p = 0.83, P = 0.042), whereas the
absolute values of stBs were similarly highly correlated with
FI (r=0.99, P=0.0002 and p = 0.83, P=0.042). Consistently,
the WCS values were very highly correlated with the absolute
values of stBs (r = 0.99989, P < 0.0001 and p = 1.0000, P <
0.0001).

Discussion

To the best of our knowledge, this is the first study to evalu-
ate the correlations between the absolute values of stBs and
WCS values in logistic regression analysis and GLMs and FI
calculated using machine learning in clinical studies. These re-
sults suggest that covariates’ WCS values likely represent the

magnitude of the covariates’ influences on outcomes, which is
consistent with the very high correlation degree between WCS
values and stBs. Although the results obtained for both open
studies can be reproduced, Japan’s MHLW will not allow the
reproduction of the data from the former three studies.

Because stBs approximate the relative importances of
variables in outcomes [4, 5], WCS values should also ap-
proximate the variables’ relative importances. WCS values are
automatically provided in the results obtained using logistic
regression analysis and GLMs without any additional spade-
work, such as covariate standardization and numerical conver-
sion. In contrast, in logistic regression analysis, the procedure
for calculating stBs is often complex because related covari-
ates, including categorical variables, must first be converted to
numerical values and standardized.

Machine learning and data mining may still be unfamiliar
to many investigators, particularly in clinical practice, because
of the difficulty in interpretating results, complexity in prepar-
ing the setup, and high cost of commercially available graphi-
cal user interface (GUI) software.

Therefore, stBs and FI could be replaced with WCS val-
ues as a surrogate index for analyzing covariates’ influences
on and contributions to outcomes, which may be linked to the
effective treatment and prevention of diseases by indicating
priorities in clinical practice and public health.

Ideally, the magnitudes of the influences of various co-
variates, including fundamental factors, such as age, sex, BMI,
and smoking, hypertension, and diabetes statuses, on outcomes
should be ranked in clinical practice and public health studies
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so that clinical practitioners and patients can more easily un-
derstand covariates’ priorities and their relation to strategies
for treating diseases.

In study 4, the covariates’ orders of precedence were sub-
stantially different according to WCS values and FI. The most
plausible reason for these conflicting results may be the low
AUCs (52-54%), indicating that the analysis model and en-
rolling covariates were inappropriate and should be improved
[27]. Therefore, caution should be exercised in determining the
appropriateness of the analysis model before assessing WCS
values, stBs, and FI.

In contrast, in studies 1-3 (Supplementary Material 1,
aicm.elmerpub.com), although the covariates’ orders of prece-
dence slightly differed according to the WCS values, stBs, and
FI, the index that most accurately represented the covariates’
influences on outcomes was unclear. Presently, combinations
of these indices, for instance, ordering by WCS values and
either FI or stBs might be feasible solutions to this problem.
Therefore, the cases where the discrepancies between WCS
values and both FI and stBs grow must be verified.

Indeed, odds, risk, and hazard ratios of specific factors are
important indices in clinical studies. However, the odds and
risk ratios of numerical values, such as age (in years), BMI,
and blood pressure, are often very low because these ratios
represent the effect of an increase of one unit on the outcome.
In addition, high odds and risk ratios often have wide 95%
confidence interval (CI) ranges, suggesting low reliability
[28]. Therefore, for investigators who do not adopt FI calcu-
lated using machine learning, the odds, risk, and hazard ratios;
WCS values; and other indices might have to be defined for
approximating covariates’ influences on outcomes.

Unfortunately, the theory underlying the correlations be-
tween WCS values and both FI, and stBs remains unclear. The
method for calculating FI is quite different from those for cal-
culating WCS values and stBs, and the calculation of FI and its
types can vary among machine-learning algorithms [29, 30].
Furthermore, because of database and software limitations,
these results might be coincidental. However, the significant
correlations between stBs and WCS values, which were very
high in all five studies, are unlikely to be coincidental. Notably,
in addition to the high correlation degree between WCS values
FI, the WCS values and stBs were very highly correlated.

In considering models’ overall prediction accuracies, sever-
al investigators have used WCS values [31] to approximate co-
variates’ relative importances and contributions to outcomes and
models [32, 33] and the relative strengths of associations [34].

Although WCS statistics are primarily used to confirm the
significance of partial regression coefficients estimated based
on the null hypothesis that the partial regression coefficient
is zero [35], to the best of our knowledge, other uses of WCS
values have been neither fully elucidated nor validated.

Partial correlation coefficients (¢), which are used to ad-
just confounding factors, may also approximate covariates’
relative importances [36]. However, this analysis is based on a
linear relationship and is applicable to numeric variables’ de-
pendent and independent factors.

According to the equation for calculating WCS values,
they can be enlarged for big data, as in studies 1-3 (Supple-
mentary Material 1, aicm.elmerpub.com) and 5 (Table 2),

probably because of the large sample sizes (n) and negligibly
different B-coefficients and standard deviations. Consequently,
WCS values enable variables’ influences on outcomes to be
distinguished easily because the differences between covari-
ates’ WCS values simultaneously grow.

In contrast, stBs vary in narrow ranges (usually from -1.0
to +1.0) and positive and negative directions and likely pro-
vide detailed information about covariates’ contributions to
outcomes; however, because of these small differences, cau-
tion should be exercised for evaluating the contribution of a
specific factor, relative to those of other factors, to outcomes.

Limitations

This study has several notable limitations. First, because these
results were obtained using limited databases, the theory un-
derlying the high correlation degrees was not validated and
will remain challenging until plausible hypotheses are pro-
posed. Second, WCS values, stBs, FI, and AUCs can change
according to the models used and covariates enrolled, even in
the same study and database [37]. Multicollinearity between
covariates, model overfitting, and skewed data also affect these
indices [29, 38]. Furthermore, because of its inherent bias, FI
is not an absolute index for assessing covariates’ contributions
to outcomes, which has been extensively argued for the last
decade [37, 39].

In conclusion, the results of this empirical study suggest
that similar to stBs, WCS values, which are usually provided in
regression analysis, may approximate covariates’ relative im-
portances to outcomes. According to the magnitudes of WCS
values, variables’ priorities may be linked to the effective pre-
vention and treatment of diseases in clinical practice, although
the implementation of this concept in clinical practice remains
challenging. Further study will be needed to verify these re-
sults and revisit the statistical significance of WCS values in
nontraditional applications.

Supplementary Material

Suppl 1. Results of logistic regression analysis after standardi-
zation of covariates and FI by machine learning in three stud-
ies. The factors used for the studies 1-3, and their stB, WCS,
and FI are listed in descending order based on the value of
WCS.
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